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Electroencephalogram emotion recognition method using
multitask feature integration

LIU Ke, HUANG Yuzhu, DENG Xin, YU Hong
(College of Computer Science and Technology, Chongqing University of Posts and Telecommunications, Chongqing 400065, China)

Abstract: Feature selection and integration is one of the crucial approaches to improving the emotion decoding accur-
acy of electroencephalogram (EEG) signals. However, current methods often neglect the implicit information of the in-
trinsic data structure in EEG signals. Herein, a multitask feature integration method is proposed based on affinity
propagation clustering. This method uses the L, ;-norm constraint to select sparse features and uses graph Laplacian reg-
ularization to maintain potential relationships among different subclasses. In case of not disclosing real sample labels,
the method has effectively integrated the spatial topology information of brain networks and differential entropy inform-
ation in the subtask space, providing features with higher emotional characterization ability for the emotional decoding
of high-accuracy EEG signals. The analytic results on DEAP and SEED datasets and the dataset of the laboratory show
that the proposed method can markedly improve the decoding accuracy of EEG emotional decoding.

Keywords: emotional brain-computer interface; EEG emotion recognition; brain networks; differential entropy; affinity
propagation clustering; graph Laplacian regularization; multitask feature fusion; sparse feature selection
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Table 3 Classification accuracy for the arousal dimension

of the DEAP dataset %
Tk Jii o0 2% DE i1 2%+ DE
Feature Fusion 61.19+8.38** 60.61+10.30%* 62.53+10.55%*
Lasso 66.86+£7.46** 69.66+9.08**  69.34+8.34%*
GL 70.004£7.47** 71.45+£7.09%*  69.66+8.17**
GLF 70.57+£7.08** 73.46+7.87** 70.26+8.86%*
stMTL 71.584+7.08** 74.58+7.19%* 73.98+7.30**
stMTLF 75.29+6.49  81.34+7.14 87.74+4.51

x4 SEED HEEHLEME
Table4 SEED dataset Classification accuracy %

Ttk Jivi R 2% DE ki 2%+ DE

Feature Fusion 62.19+12.18** 66.67+9.75%* 68.30+12.11**

Lasso 67.93£10.89%* 74.00+9.44 * 73 .78+£11.35%*
GL 68.19+10.21%* 77.63+7.40  74.89+12.03**
GLF 70.44+11.47 * 82.81+7.39  79.30+8.76**
stMTL TL.74£11.79 * 79.52+7.81  76.8949.89**
stMTLF 72.15£11.01  78.07+9.11  92.67+3.79

RS TREREMBEESLEBE
Table 5 Classification accuracy for laboratory-collected
data sets %

Trik Jivi R 2% DE xR %%+ DE

Feature Fusion 43.37+£8.05%* 42.05+18.41** 41.29+18.16**

B F Y, A SO FH Y setMTLF & gk — 20 32 = i Lasso 44.4248.65%* 41.67+17.93** 48.48+15.56%*
H I 25 1O A ORS 2, ot H7E BEG 1% 26 i I GL 44.89+8.78%* 48.30+19.41%* 62.31+19.85%*
DRV

_ GLF 50.19+11.78** 60.42+£17.25 * 63.26+20.14%**
R2 DEAPHIEEMMEESLERE " "

Table 2 Classification accuracy for the valence dimension stMTL 51.70+14.08** 60.42+17.67* 62.50+18.39

of the DEAP dataset % sstMTLF  66.67+10.59  68.75+12.40  88.89+11.87

Jrik: i 0255 DE Ji%i /2% +DE

Feature Fusion 62.94+11.96** 61.19+10.80** 62.08+11.17**
68.23+10.33** 69.56+£9.99** 69.00+10.67**
GL 70.17+10.34** 73.29+8.83** 68.34+9.09**

Lasso

GLF 71.12+10.02** 70.88+£8.23** 68.11+10.74**
stMTL 72.23+9.07**  74.85+£9.52%* 73.30+9.10**
ssMTLF  74.49+8.60 81.58+5.19 86.29+5.84
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Table 6 Comparison of EEG emotion decoding accuracy with different feature extraction algorithms

1E# Bude ITEERRIE HEFR/ %
Liu%:, 2022 DEAP DE 85.6(Valence)/84.3(Arousal)
Ding?:, 2021 DEAP TSception 62.27(Valence)/63.75(Arousal)
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Yin%, 2017 DEAP EEG. EOG/EMG . GSR 83.0(Valence)/84.2(Arousal)
Li%, 2021 SEED PSD. DE. DASM, RASM, DCAU 89.65
Song?, 2020 SEED DE. PSD. DASM. RASM. DCAU 90.94
Gao%,2021"" SEED DE. Spearman 91.45
AL SEED SrMTLF 92.67
A DEAP SrTMTLF 86.29(Valence)/87.74(Arousal)
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Fig. 6 Confusion matrix for different feature selection and fusion models
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